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ABSTRACT
This study presents the development of an Al-driven Adaptive Learning Management System (LMS)

that delivers personalized learning experiences using data analytics and natural language processing. The
system addresses limitations of traditional LMS platforms by dynamically adapting content based on student
performance in real-time. Designed with Object-Oriented Methodology and the CRISP-DM data analytics
model, the system integrates Python, web technologies, and a BERT (Bidirectional Encoder Representations
from Transformers)-based semantic engine. When students fail a quiz, the BERT model identifies knowledge
gaps and retrieves tailored content through web scraping. A mixed-method evaluation combining interviews
and performance metrics showed enhanced student engagement and academic outcomes. This adaptive
feedback loop supports continuous learning and remediation. Evaluation results demonstrate improvements
in learner engagement, satisfaction, and academic outcomes. The system’s ability to automate content
adaptation and feedback makes it a robust solution for scalable, equitable education delivery. In conclusion,
this study offers a practical and intelligent framework for next-generation LMS platforms, addressing

critical gaps in adaptability, personalization, and real-time instructional support.
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Introduction

The rapid advancement of artificial intelligence (Al), data analytics, and educational technologies has
revolutionized the landscape of modern education [1]. Traditional one-size-fits-all instructional models are
increasingly being replaced with personalized learning systems that cater to the diverse learning styles,
backgrounds, and abilities of students [2]. Al enables real-time, data-driven instructional design, offering
dynamic learning paths, adaptive assessments, and intelligent content recommendations [3]. Adaptive
Learning Management Systems (LMSs) use these technologies to tailor instruction based on student
performance and engagement. Al techniques such as machine learning, natural language processing (NLP),
and intelligent tutoring are central to this transformation. Through AI, LMS platforms can predict student
needs, identify knowledge gaps, and recommend resources dynamically [4]. For example, NLP allows the
system to understand learners’ inputs and provide tailored content, while data analytics enables educators to
make informed instructional decisions [5]. The adaptation in these systems typically occurs through content
sequencing and resource recommendation. The learning material is presented in a way that responds to how
well the learner understands the content, adjusting in real-time to reflect the learner’s progress. For example,
when a learner demonstrates mastery over a particular concept, the system might introduce more advanced
material. Conversely, if a learner struggles with a topic, the system can offer additional exercises,
explanations, or even refer to supplementary. Data analytics plays a crucial role in the development and
effectiveness of personalized learning systems. By collecting and analyzing data from students’ interactions
with learning platforms, data analytics tools can offer insights into how students are engaging with the
material and where they might need additional support. The use of data analytics allows for real-time
adjustments to the learning environment, ensuring that it remains aligned with the learner's needs [6].
Learning analytics, as an application of data analytics, provides a framework for collecting, measuring,
analyzing, and visualizing student data. It supports the creation of predictive models that forecast a student’s
future performance, which can then inform adaptive learning algorithms. These models are built using
various statistical techniques, including regression analysis, classification algorithms, and clustering
techniques, to identify patterns in student performance and predict the likelihood of success [7]. Despite
these advancements, challenges remain. Many existing LMS platforms lack real-time adaptability and rely
on static data. Ethical concerns regarding data privacy, transparency in Al decisions, and equitable access
also limit broader implementation [8]. This study aims to address these gaps by developing a robust, Al-
powered adaptive LMS that enhances personalized learning, automates feedback, and supports data-
informed teaching strategies.

The research aims to develop an Al-driven adaptive learning management system using data analytics
and NLP to deliver personalized educational experiences by doing the following:

1. Design a modular LMS that integrates real-time learner data and NLP models.
2. Implement BERT to semantically analyze failed quiz questions and retrieve targeted online
resources.

3. Evaluate learner improvement and engagement using a mixed-method approach.
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4. Assess system responsiveness and usability under various educational conditions.
The research is significant for the following reasons, as it will help in:

a. Enhancing decision-making with comprehensive data analytics, improve resource management, and enable
real-time monitoring of student progress. The system will increase transparency, support compliance and
reporting, and assist in strategic planning.

b. Enabling personalized instruction tailored to each student's needs and provide real-time feedback, allowing for
timely interventions. Data-driven insights will help refine teaching methods and enhance student engagement.
The system will streamline assessments, reducing administrative tasks, and support targeted interventions for
struggling students

c. Providing a personalized learning pathways, tailoring content to individual needs and learning styles, and
offer real-time feedback to support student progress. The system will enhance engagement and motivation
through interactive and challenging content, improve learning outcomes by continuously adapting to student

needs, and allow flexible learning paces.
Review of Related Literatures

The review of related work explores adaptive learning technologies, NLP integration, and challenges
in implementing Al-based LMS systems. [10] Aimed to explore how adaptive learning platforms could
leverage Al to create dynamic learner profiles. The study utilized machine learning algorithms to analyze
student data and predict individualized learning paths. The methodology involved testing the adaptive
system across multiple learner categories, achieving a 20% improvement in engagement. However, a
limitation was the dependency on high-quality initial data for effective profile generation, which restricted
its application in resource-limited settings. [11] Investigated the use of Al-based tools for tailoring
educational content to individual needs. Their system employed natural language processing (NLP) models,
including BERT, to dynamically adjust lesson complexity based on learner performance. The study reported
a significant enhancement in comprehension rates among learners. Nevertheless, the research highlighted
challenges in scalability across diverse subject areas, limiting its universal adoption. In lieu to this, the study
of [12] examined how data analytics could transform educational strategies by aggregating multimodal
student interaction data. Their framework offered real-time feedback to educators, enhancing teacher-student
interactions. The methodology involved integrating analytics tools into live classroom environments. While
results indicated improved engagement, the system's complexity posed difficulties for non-technical
educators, limiting its practical implementation.

[13] Implemented reinforcement learning to dynamically adapt learning environments. Their system
demonstrated a 15% increase in student retention rates, achieved by personalizing the educational content
based on real-time student interactions. However, the high computational cost of real-time adaptation was a
significant drawback, especially for large-scale deployments. [14] Integrated cognitive load theory into
adaptive learning systems to manage student workload effectively. The system used attention-monitoring
tools, leading to a 30% reduction in student dropout rates. Despite its effectiveness, the study noted a
limitation in the reliance on wearable technology for data collection, which may not be accessible to all

students. [15] Focused on enhancing learning motivation through Al-powered gamification techniques. The
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methodology included implementing gamified elements such as rewards and challenges into an adaptive
system. Results showed increased time-on-task metrics, indicating heightened engagement. However, the
study flagged challenges in maintaining the relevance of gamified content for older learners, who often
found the approach less appealing.

[16] Proposed a recommendation system utilizing collaborative filtering to match learner needs with
educational content. The methodology involved analyzing historical user data to predict content preferences,
achieving a 95% match between learner requirements and content. While the system proved accurate,
concerns about user data privacy and security were raised. [17] Explored the integration of Internet of
Things (IoT) devices into adaptive learning environments, enabling seamless interactions between digital
devices and platforms. The study highlighted the potential for real-time environmental adaptation, such as
adjusting content delivery based on learners’ physical conditions. However, the work cited connectivity
issues as a significant limitation, especially in regions with poor internet infrastructure.

[18] Incorporated Al-driven chatbots to provide instant responses to student queries. The study reported a
40% improvement in question resolution rates, demonstrating the effectiveness of chatbots in fostering
active learning. Despite this, limitations were noted in the chatbots’ ability to handle nuanced or subjective
questions, which often required human intervention. A study by [19] used Al to generate visual dashboards
for tracking learning progress. Teachers benefited from clear insights, but the system struggled with data
standardization across institutions. [20] Focused on content personalization for students with disabilities. By
leveraging multimodal Al systems, accessibility improved by 25%. However, the cost of developing such
content was a concern. [21] Developed multilingual adaptive platforms using NLP for diverse language
needs. The system supported over 10 languages, but accuracy in translating technical content remained
limited. A study conducted by [22] Employs emotion recognition through Al to adjust lesson plans in real
time. Although this improved satisfaction scores, ethical concerns were raised over monitoring emotional
states. [23] Studied systems facilitating peer collaboration through Al-suggested teams. Results indicated
increased teamwork efficiency, but tracking individual contributions posed a challenge. A study conducted
by [24] uses predictive models to identify at-risk students, reducing dropout rates by 18%. The study
highlighted challenges in balancing prediction accuracy with data volume. [25] combined augmented and
virtual reality with Al for immersive learning experiences. The system showed improved spatial
understanding but required significant hardware investment. [26] reviewed the long-term sustainability of Al
in adaptive learning, emphasizing the need for low-resource implementations. Scalability in underprivileged
areas was explored but remains unproven.

[27] Proposed hybrid AI models combining deep learning and decision trees, achieving higher
personalization accuracy. The complexity of maintaining such hybrid systems was a limitation. [28§]
Designed feedback systems that evolved based on learner responses, improving adaptability. However,
delays in updating the feedback models were a noted challenge. [29] Explored ethical challenges, including
data privacy and bias in adaptive learning platforms. Their recommendations included regulatory

frameworks to mitigate risks. A research by [30] outlines how Al technologies have redefined educational
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practices, focusing on natural language processing, machine learning, and data analytics to support
personalized education. The study investigates the benefits of adaptive learning platforms, which adjust
content dynamically based on learners’ needs, and explores tools for intelligent tutoring systems and
administrative automation. While offering significant insights into reducing teacher workload and fostering
personalized learning pathways, the study also critiques the ethical challenges posed by data privacy
concerns and algorithmic bias. Its extensive analysis provides actionable recommendations for integrating
Al in educational institutions, offering a broad analysis of Al's benefits and risks in educational contexts.

A research by [31] investigates the practical applications of Al in developing adaptive learning systems
using public datasets such as EdNet. By employing clustering algorithms and recommender systems, the
research demonstrates how Al dynamically adjusts content to suit individual learning paces and challenges.
Results indicate that such systems significantly enhance learning outcomes and create interactive, responsive
educational environments. However, challenges include scalability and ensuring that Al adaptations address
diverse learner profiles equitably. The study emphasizes Al's potential to make education more accessible
and impactful.

In summary, prior research validates the potential of Al in personalized education but highlights limitations
in transparency, scalability, and inclusivity. This research builds upon existing studies by integrating BERT-

based NLP with adaptive analytics and a feedback loop supported by web-scraped resources.
Gap in Previous Works

Despite the growing body of research on Al-driven Adaptive learning management system, significant
gaps persist in the functional integration of modular course structures, progress tracking, and targeted
remediation within educational platforms. Existing studies primarily focus on adaptive learning
environments and Al-powered assessments but fall short of addressing a fully automated, self-paced
learning system that provides students with access to courses on a module-by-module basis while
dynamically supporting their progress through real-time interventions.

This study seeks to fill this gap by introducing an innovative Al-driven Adaptive learning management
system where students progress through courses modularly, taking Computer-Based Tests (CBT) at the end
of each module. If a student fails specific questions, a (Bidirectional Encoder Representation from
Transformer) BERT-based Al algorithm conduct real-time web scraping to retrieve relevant resources,
enabling the student to reinforce their understanding of the failed concepts. Unlike existing systems, which
often lack such detailed feedback mechanisms, this approach ensures a tailored learning experience by
combining assessment, targeted remediation, and intelligent resource recommendation.

Furthermore, this research intends to bridge the disconnect between theoretical discussions and practical
implementation of adaptive learning. By integrating progress-tracking features, dynamic content delivery,
and remediation strategies informed by web scraping, this study introduces a comprehensive framework that
not only measures learning outcomes but also actively enhances student engagement and comprehension.

This approach aims to address both the educational and technological gaps identified in previous works,
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providing a transformative learning experience that has not been adequately explored in the current

literature.
Research Methods

This study employs a Mixed-Research-Methods approach, integrating both qualitative and
quantitative research methodologies to achieve a comprehensive understanding of the proposed system's
capabilities and impact. The qualitative aspect focuses on gathering insights into user experiences,
perceptions, and the effectiveness of the adaptive learning system in addressing individual needs. Qualitative
data were collected through conducting interviews and feedback from 40 participants to evaluate system
usability and learning experience and also to analyze feedback from users to identify strengths, challenges,
and areas for improvement. On the quantitative side, the study measures system performance using
statistical analysis of metrics such as test completion rates, success rates in module progression, and the
efficiency of the BERT Al-driven resource provision. Controlled experiments are designed to evaluate the
accuracy of web-scraped resources, the effectiveness of adaptive learning pathways, and user satisfaction
ratings over time. Quantitative analysis included test score comparisons, system response time, and learning
progression rates from 40 students over a 4-week pilot.

The choice of Object-Oriented Methodology (OOM) and CRISP-DM methodology for this study is deeply
rooted in their compatibility with the system’s requirements for adaptive learning and analytical
performance. BERT was fine-tuned on a dataset of 2,000 educational questions to analyze student errors.
Web scraping tools (Scrapy, Selenium) retrieved targeted educational content. Data privacy was ensured

through encryption and compliance with NDPC standards.
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Figure. 1: The iterative phases of CRISPM-DM as applied to the developed system

Implementation
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The LMS was implemented using Python (backend), HTML/CSS/JS (frontend), and SQLite (database). The

BERT model was integrated using the Hugging Face Transformers library. System performance was tested

under multiple scenarios, including user registration, content recommendation, and adaptive feedback.
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Figure 2: Home page Implementation
The presentation layer in the ALMS model (see Figure 2 above) provides an easy-to-use interface based on
user registration and its processes are generally based on interacting directly with the system and providing

an easy-to-use interface for learners and Instructors to access and upload modules for each courses.
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ALMS

Module 2: Project Initiation and Planning
Accounts
2.1 Identifying and Selecting Systems Development Projects

The initiation of a new informatien system development project is a critical phase that determines
Courses ‘whether an organization invests its valuable resources into a particular solution. This stage
involves recognizing the need for a new system, evaluating its viability, and deciding which
projects align best with organizational goals.

Sources of Project Requests

System development projects typically originate from various sources within and outside an
organization, often driven by problems, opportunities, or directives. Common sources include:

« Top-down directives: Management or executive leadership may initiate projects based on
strategic goals, new business models, or competitive pressures. These projects often aim for
significant organizational change or advantage.

+ Bottom-up initiatives: Employees or departments identify operational inefficiencies,
bottlenecks, or unmet needs in their daily work. These requests often focus on improving
existing processes or automating routine tasks.
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Figure 3: Course Module Implementation with study progress
The Figure 3 above is the presentation of the course Module for learners to access, and the system monitors

each learners study progress for analysis before being allowed to take each module quiz.
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MS Wilson Paul/ Materials
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Time Left: 13s

1. Which of the following is NOT typically considered a source of project requests for system development?

& Materials

O Completed system documentation
O Customer requests
O Top-down directives

Accounts - . N
O Government regulations/compliance

2 Courses 2.What is a "Risk Register”?

O A document that lists identified risks, their potential impact, likelihood, mitigation strategies, owners, and current
status.

Profile O A graphical representation of project tasks and their dependencies.

O document that outlines the project’s budget.

O Areport on project deliverables.

3. Which risk mitigation strategy involves shifting the responsibility and/or impact of a risk to a third party, such as
purchasing insurance or outsourcing?

Figure 4: CBT Module Implementation
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Figure S: Failed quiz questions display for content retrieval
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o Dashboard

A work-breakdown structure (WBS) in project management and systems engineering is a breakdown of a project into smaller
compenents. It is a key project management element that organizes the team'’s work into manageable sections. The Project
Management Body of Knowledge defines the work-breakdown structure as a "hierarchical decomposition of the total scope
8 Materials of work to be carried out by the project team to accomplish the project objectives and create the required deliverables.” A
WBS provides the necessary framework for detailed cost estimation and control while providing guidance for schedule
development and control. WBS is a hierarchical and incremental decomposition of ...

Accounts  Show More

& Courses

;] Ready to Retake?

After reviewing the study materials above, you can retake only the questions you got wrong.

C'Retake Failed Questions

You must ref

2 Profile

pass the failed questions before proceeding to the next module.

Figure 6: Resources recommendation Interface
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Figure (4, 5 and 6) captures learner responses during CBT assessments for perfection or knowledge gaps.
Upon failure, the system identifies gaps using BERT, scrapes relevant resources, filters and processes the
results, and recommends personalized materials based on the failed questions only, after which the learner is

re-accessed for mastery before moving to the next module as seen in Figure 7 below.

Afolabi AbdulMugeet/ Retake Results

ALMS

Retake Score: 30 / 30
& Materials

W Congratulations!

Accounts You have successfully answered all the failed questions correctly!

You can now proceed to the next module.

= Continue to Next Module

& Courses

& Profile

Figure 7: Interface for approval to the next module
The following table provides a detailed summary of the various test cases executed during the system testing

phase. It includes test descriptions, data inputs, expected outcomes, actual outcomes, and the status of each

test case.
Table 1: The Test Result of the new System.
Test
Test Data Expected Result Actual Result Status
Description
| Username: testuser, User registered )
User Registration User registered successfully | Pass
Password: Test@1234 successfully

. Username: testuser, ] .
User Login User logged in successfully| User logged in successfully [ Pass
Password: Test@1234

Learning Content | User performance data: Recommended Recommended intermediate P
ass
Recommendation | 75% average intermediate level content | level content
Adaptive Module , System provides detailed ) )
"Scored low in Module 3." ] Detailed feedback provided | Pass
Feedback feedback for improvement

Response Time | User query: "What is AI?" | Response time < 2 seconds | Response time = 1.5 seconds | Pass

Integration Test

User selects topic Personalized learning Learning pathway created
(Al-Learning ) ) Pass
"Machine Learning" pathway created correctly
Pathway)
200 concurrent users System handles load System handled load without
System Load Test Pass
accessing dashboards without crashing crashing
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Test results showed successful registration, accurate content delivery, and reduced response time (avg. 1.5
seconds). Learning gains averaged 18.4% post-remediation. Usability feedback rated the system 4.6/5 for
intuitiveness and relevance.

System integration followed incremental development, connecting frontend interfaces with backend APIs,
synchronizing databases, and deploying Al modules. The final system was subjected to end-to-end testing

and demonstrated stability under concurrent user loads (200 users).
Conclusion

This research successfully achieved its aim of developing an Al-driven adaptive learning
management system that leverages data analytics and natural language processing to deliver a personalized
and engaging educational experience. Recognizing the limitations of traditional learning systems, this study
addressed critical gaps by designing a dynamic platform capable of responding to individual learner needs in
real-time.

The system integrates adaptive learning pathways, computer-based assessments, and intelligent feedback
mechanisms. At the core of its innovation lies the use of a BERT-based natural language processing model
that performs web scraping to retrieve and recommend contextually relevant educational resources to
students who underperform in assessments. This ensures that knowledge gaps are addressed immediately,
transforming each learning failure into a meaningful opportunity for growth.

Additionally, the research implemented a modular, user-centered system architecture that enables lecturers
to upload materials and quizzes, supports learners with progress tracking and individualized feedback, and
provides administrators with robust analytics for educational decision-making. By incorporating the CRISP-
DM framework alongside Object-Oriented Methodology, the study aligned system design with real-world
educational demands and ensured scalability, maintainability, and adaptability.

The practical outcomes of this research affirm that AI and data analytics can profoundly enhance
personalized education by making learning more efficient, responsive, and equitable. The system promotes
self-paced learning, targeted remediation, and data-driven instructional support—addressing both pedagogical
and technological challenges. Moreover, it demonstrates that when properly implemented, Al can offer
holistic, learner-centered educational experiences that bridge achievement gaps and foster deeper
engagement.
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